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requirements and system documentation into executable activities with natural language
comprehension and program synthesis. The RL component adjusts dynamically parameters of
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Kubernetes, and Google Cloud Run environments was used to test the IWAF model. Findings
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percent, and resource utilization up in 42 percent, in contrast to the baseline models with the
application of a static rule-based automation. The hybrid AI model proposed can fill the gap
between interpretability and adaptability and provide the platform of the future generation of
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1. Introduction

1.1. Background

In the current fast-changing digital environment, cloud-native architecture is becoming a new reality in modern organizations
to gain increased flexibility, scalability, and cost-effectiveness. These architectures allow the businesses to distribute applications to
distributed environments and dynamically distribute computing facilities and quickly react to changing workloads. Nevertheless,
managing these complex and diverse systems is very challenging, especially when it comes to coordination of workflows, scheduling
resources, and even optimization of processes. Conventional automation solutions such as Apache Airflow, Jenkins, and AWS Step
Functions have been useful in structured and predictable automation patterns, but mostly they are mostly built based on the set of
predefined rules, general settings, and individual adjustments. Consequently, these systems do not scale to the dynamic and uncertain
environment of a modern cloud ecosystem (w workloads, dependencies, etc. may change in real-time along with resource availability).
This inflexibility also generates inefficiencies like poor utilization of resources, latency, and fault tolerance. The increasing need of
smart and context-aware automation has consequently prompted studies into using artificial intelligence (AI) specifically Large
Language Models (LLM) and Reinforcement Learning (RL) to support adaptive, data-driven decision-making in working with
workflow management. Organizational automation systems that realize reasoning and learning capabilities allow organizations to
transition to self-optimizing and semantically aware workflows as opposed to orchestrating operations there, and represent a radical
change in the development of cloud automation technologies.
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Figure 1. Background
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Figure 2. Rise of Large Language Models in Automation
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1.2.1. Evolution of Automation Technologies

Automation has been a vital part of software systems since the 1970s, and it has developed to the present day to include
complex workflow coordination. First automation systems like Jenkins and Airflow were mainly based on manual setup and task
scheduling, which is static. These systems could only be effective when dealing with repetitive operations and did not have contextual
knowledge and flexibility, as they human intervention was necessary in non-routine operations. The shortcomings of the deterministic
systems have prompted the pursuit of intelligent forms of automation that can reason and make decisions just like their human
operators.

1.2.2. Emergence of Large Language Models (LLMs)

Large Language Models (LLMs) like GPT-4, Claude, and PaLM have brought about a breakthrough in automation by introducing
a paradigm of semantic understanding and reasoning. LLMs are trained on large amounts of text and code, and can be capable of
understanding natural language instructions, writing executable code, and even optimizing processes in response to context. This
ability will enable automation systems to go beyond fixed collections of rules and have a more dynamic and adaptive behavior.
Through the use of LLMs, developers and operators are able to specify workflow goals in natural language and the system can
automatically compile task pipelines, establish dependencies, and combine APIs with low programming effort.

1.2.3. LLMs in Workflow and Software Automation

LLMs are being incorporated in multiple phases of the software development and operations (DevOps), such as, code
generation, configuration management, and orchestration of processes. The OpenAl (2023) and Microsoft (2024) research proved that
the LLMs could easily convert business requirements expressed in the high level of language into executable code and automate more
complex interactions of the system. When used in workflow automation, LLMs can deduce logical relationships, fix ambiguities and
keep getting better workflows as they are refined over time, which is a significant milestone toward intelligent and context-aware
workflow automation.

1.2.4. Future Potential and Challenges

Although promising, the use of LLMs in automation has issues of interpretability, reliability and security. It is also a research
direction to ensure that the workflows created are in line with the organizational policies and transparency of automated decisions
made. As LLMs keep improving, when combined with adaptive learning algorithms like Reinforcement Learning (RL), they can be used
to produce truly autonomous systems that are able to continually improve themselves and optimize performance in changing cloud
environments.

1.3. Limitations of Intelligent Workflow Automation in Cloud-Oriented Software Systems

Even though workflow automation technologies have made tremendous innovations, intelligent automation in cloud-based
software systems still has a number of limitations that limit its potential. The existing automation models are typically based on fixed
rule based orchestration and standard process logic, which cannot be used to address the dynamic, distributed, and heterogeneous
nature of current cloud infrastructures. These systems do not normally have the capability to dynamically adjust to real time changes
in the form of changing workloads, changing resource availability or changing service dependencies. Although products such as Apache
Airflow, AWS Step Functions, and Camunda BPM have powerful workflow management features, their flexibility is limited by a
reliance on manual configuration and human-centered updates. The other critical drawback is the lack of semantic meaning in the
traditional automation systems. The majority of the current frameworks have the ability to run workflows effectively but fail to
understand context intent and to reason about high level operational objectives. This restricts their ability to make independent
changes in workflows in case of unexpected circumstances or exceptions.

Even newer Al-enhanced automation systems usually aim at a set of already-determined optimization problems instead of
context-sensitive decision-making or semantic flexibility, which are both vital in ensuring operational efficiency in sophisticated, multi-
cloud systems. Additionally, there are still challenges in intelligent workflow systems in terms of interpretability and transparency. The
more complex the automation, the harder it is to comprehend and justify the decisions taken by the system, particularly when machine
learning or reinforcement learning algorithms are used and there are no obvious reasoning directions. Such impossibility to interpret
makes the inclusion of trust and debugging or compliance checking more difficult. Lastly, integration, scalability, and security related
problems still exist because when rolling out adaptive automation in hybrid or multi-cloud environments, there is a high likelihood
that interoperability and data privacy problems would arise. Together, these constraints point to the necessity of the next generation of
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intelligent workflow systems, namely systems that can intuitively integrate semantic reasoning, adaptive learning, and explainable
decision-making to attain autonomous and trustworthy automation in cloud-native ecosystems.

2. Literature Survey

2.1. Workflow Automation Systems

An automated workflow system automates intricate computational and business operations, by integrating actions in
distributed setting. Apache Airflow is a highly popular system, which uses a task-scheduling model of a Directed Acyclic Graph (DAG)
to define and execute workflow. As much as it gives excellent control and visibility, its fixed structure restricts flexibility to dynamic
runtime situations. The AWS Step Functions are event-driven orchestration supported, which means that the workflow may react to
events and smoothly integrate with cloud services. Nonetheless, its minimal adaptability limits real time learning or changing the
working processes according to the changing contexts. Camunda BPM, however, is based on business process modeling and allows
visual flow modeling and management rather than processes of business, however, it needs to be updated with rules manually, so it is
not responsive to operational data changes or system behavior. All in all, these systems are highly automatable but do not have the
ability to behave autonomously and optimize themselves.

2.2. LLMs in Software Automation

In recent years, the development of Large Language Models (LLMs) has made popular software automation possible. Research
conducted by OpenAl (2023) and Microsoft (2024) puts an emphasis on the ability to use LLM to generate code, make API calls, and
semantically translate workflows to allow systems to understand natural language specifications and translate them into logic. The
models have a remarkable capability to interpret complicated semantics of programming languages and to automate routine or rule-
based development processes. The vast majority of current implementations, however, only can do a static synthesis which is, to a
point, the ability to create workflows or scripts but not do any dynamic optimization of the decisions can be done once the automation
is running. Thus, in spite of the fact that LLMs facilitate smarter workflow generation, the issue of their implementation in adaptive,
self-learned control systems is still a challenge.

2.3. Reinforcement Learning in Cloud Systems

Reinforcement Learning (RL) has become one of the influential paradigms in making decisions in dynamic clouds. It has been
effectively used to autoscaling, load balancing and network routing whereby the system adjusts to the best strategies by ever engaging
with the environment. DQN and PPO algorithms have demonstrated high success in the learning of resource allocation policies that are
cost-performance balancing at changing workloads. Use of these RL. models helps cloud controllers adjust to volatile situations through
learning on the operation of negative feedback instead of using hard coded rules. Although these achievements were made, most RL
applications do quantitative optimization (e.g. resource metrics) and rarely consider semantic reasoning or higher order decision logic
that can further improve workflow intelligence.

2.4. Gaps Identified

The literature also faces some important gaps that inhibit the development of the intelligent workflow automation. To start
with, the existing semantically adaptive RL-based systems are lacking in semantic adaptability, which makes them less responsive to
high-level contextual indicators. Second, automation decisions can be likened to little interpretability, which may be challenging to
transparency and trust, particularly when it comes to enterprise and safety-critical application. Finally, little of NLP-based reasoning
and RL control, i.e. existing structures do not integrate contextual insights of the LLM with the adaptive learning of the RL. It
represents an important research space to fill these gaps and come up with intelligent, interpretable and semantically adaptive
automation systems that bring a point of convergence between reasoning and control.

3. Methodology
3.1. System Architecture
The proposed framework is planned to have three fundamental layers that interact actively to enhance intelligent and adaptive
workflow automation.

3.1.1. LLM Layer
The system has a cognitive front end that is the Large Language Model (LLM) Layer. It reads instructions written in natural-
language by users and converts them to structured and executable task graphs. This layer uses semantic insights and situational logic
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to determine dependencies, data paths and logic. In so doing, it can help bridge the divide between the human intent and the machine
workable processes, empowering the user (not a technical one) to define the complex automation process in plain language.

3.1.2. RL Agent Layer

The Reinforcement Learning (RL) Agent Layer is the center of decision-making of the architecture. It has a continuous
optimizing workflow policy based on its reward feedback through system performance metrics like the execution time, resource usage,
and the success rate. The RL agent transforms its strategies by experimenting and reacting to changes in the environment to enhance
efficiency and flexibility. This layer guarantees a non-static execution of the workflow by dynamically optimizing it to the changing
workloads and operational conditions.

3.1.3. Cloud Orchestration Layer

Cloud Orchestration Layer forms the basis of the execution of the entire system. It operates and administers containerised
services in a distributed cloud platform, which guarantees workflow elements scale, reliability, and isolation. This layer liaises with
orchestration software including Kubernetes or Docker Swarm to distribute resources, track tasks and automatically recover on
failures. It has a disadvantage of indirectly exposing the complexity in infrastructure to enable the LLM and RL layers to concentrate on
intelligence and optimization without interrupting the workflow execution which is fault tolerant.

SYSTEM
ARCHITECTURE

Cloud
Orchestrati
on Layer

Figure 3. System Architecture

3.2. Reinforcement Learning Model
The adaptive central part of the proposed automation framework is the reinforcement learning (RL) model that allows constantly
optimizing the workflow execution strategies by interacting with the environment. The model is based on the principle of policy
maximization according to which the goal is to identify the optimal policy, denoted as n*(s), that maximizes the expected cumulative
reward with time. Mathematically, one may say:

n*(s) = arg max ) E [R¢ | sy, 7]

This formula can be simply explained as the optimal policy m(s) is the policy such that, at the current state s n, it will achieve the
optimal expected reward under policy . The reward is the summative performance index of workflow activities and is denoted by R n
-1. It indicates different performance indicators i.e. time of completion of a task, cost of computing, success rate and efficiency of that
system. The RL agent works by monitoring the condition of the workflow system, which can be the resource use, length of the queue,
and dependencies of the tasks, and choosing an action by the existing policy. It is rewarded after every action, which also lets him
know the effectiveness of the choice in enhancing the overall performance of the workflow. With repeated interactions, the agent
becomes improved and narrows down its policy to produce more productive decisions that are more rewarding. In this regard, the
usage of one of the algorithms, including Deep Q-Network (DQN) or Proximal Policy Optimization (PPO) may be considered, based on
the complexity and continuity of the action space. DQN can be used in discrete decision-making, and PPO can be applied when
performing continuous control. The RL model is constantly updated with feedback, which means the system is dynamically affected by
the changes in the workload and can adjust its resources distribution, ordering, and performance effectively with minimal human
involvement. This combination of RL means that the automation system is automatically enhancing, dynamic, and can change with the
operational requirements.
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3.3. Experimental Setup
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Figure 4. Experimental Setup

3.3.1. Cloud Environment

The experimental framework is implemented in a hybrid cloud system that consists of Amazon Web Services (AWS), Google
Cloud Platform (GCP), and Microsoft Azure. This environment can be used to judge system performance through a dissimilar
infrastructures that have different resource settings and service APIs. The hybrid model provides scalability and fault tolerance but
allows comparing the orchestration performance of various cloud providers. Containerized services are managed with Kubernetes
clusters and facilitate even distribution of workload and deployment consistency across platforms.

3.3.2. LLM Model

To the language understanding component and workflow generation component, the system uses GPT-4 API which is a state of
the art Large Language Model. GPT-4 is the one that translates natural-language directives to workflow graphs that are executable and
that define the structure and logic of automation processes. The contextual interpretation of tasks, dependency mapping and automatic
generation of parameters can be achieved through its capacity to engage in semantic reasoning. This makes sure that user instructions
are translated into optimized systematic acceptable execution plans that can be dynamically adapted by the RL agent.

3.3.3. RL Model

Two proven algorithms are used as a reinforcement learning feature Proximal Policy Optimization (PPO) and Asynchronous
Advantage Actor-Critic (A3C). PPO is selected based on its ability to stay stable and optimize the policy gradient in continuous settings,
and A3C is selected because it has parallel learning properties and is more likely to converge faster beyond the asynchronous training
of multiple agents. Combined, these algorithms can be employed to make strong decisions to adapt the workflow design in terms of
task scheduling, load balancing, and allocation of resources using feedback of real time system metrics.

3.4. Flowchart of System Operation
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Figure 5. Flowchart of System Operation
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3.4.1. User Intent Input

The first step in the system is the User intent input stage where the user gives commands or description of tasks in a natural
language. This input can be the understanding of the workflow objectives, limitations, or the expectations. The framework gathers
such inputs simply using an interface provided with even non-technical users being able to give intuitive descriptions of what
automation is required to achieve. This is where the whole automation process begins and converts human objectives into a machine
comprehensible environment to feed the downstream processing.

3.4.2. LLM Workflow Generation

The Large Language Model (LLM) used in the closest stage of the LLM Workflow Generation takes the input of the user as
natural language and translates it into a workflow, which can be interpreted into a workflow graph. This will involve task
dependencies that are to be identified, sequences, as well as occurrences of execution that are to be generated, and configuring
parameters. The LLM uses its semantic reasoning to make sure that every part of the workflow is aligned to the logic and operational
objectives that it is supposed to realize. This step will link the desire of a human with technical accomplishment and create the plan of
the second step, which would be optimization.

3.4.3. RL Policy Optimization

The phase of Reinforcement Learning (RL) Policy Optimization is the adaptive intelligence of the system. In this case, the
generated workflow is analyzed by the RL agent (through PPO or A3C algorithms) and the execution policies are constantly modified in
order to maximize the reward in terms of performance. With trial and error, the agent gets to know the best strategies to use in
assigning resources, scheduling of tasks, and error management. The given process will make sure the workflow implementation is
increasingly more efficient and more flexible in varying workload conditions.

3.4.4. Cloud Execution

At the stage of Cloud Execution, the streamlined workflow is released into the distributed cloud infrastructure comprising of
hybrid providers such as AWS, Azure and GCP. They perform the tasks in containerized environments controlled by orchestration
software like the Kubernetes. It manages allocation of tasks, monitoring and scalability, which are used to provide guaranteed
performance on varying infrastructures of computing systems. It is the backbone of operation in which the theoretical optimization is
put into practice.

3.4.5. Reward Feedback

Last but not least, the stage of the Reward Feedback involves gathering performance data and the evaluation of the outcomes of
the workflow relying on the key measurements of latency, throughput, and the use of the resources. This reward feeds back is the
signal that the RL agent relies on in learning. Favorable results encourage good policies and undesirable outcomes prompt changes in
policies. This feedback loop provides a sense of self-improvement as the system is able to learn and adapt dynamically through this
connection of feedback, as this is where the automation cycle will continue.

4. Results and Discussion
4.1. Performance Comparison
Table 1. Performance Comparison

Metric Improvement
Task Efficiency 36%
Latency 26%
Resource Utilization | 41%
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Figure 6. Graph representing Performance Comparison

4.1.1. Task Efficiency

The offered structure tripled the task efficiency of the baselines of workflow systems, including Apache Airflow and AWS Step
Functions. This progress is due to the synergies between semantic understanding and the adaptive policy optimization by the RL agent
in the LLM. The system automatically converts the intention of the user into efficient workflows and dynamically adjusts the execution
strategy of tasks to reduce redundant processes and to enhance the coordination among parallel processes. This leads to the
improvement of the total amount of time and the amount of work going through.

4.1.2. Latency

The system reduced its latency by 26%, which is lower response and execution time. This is due to the fact that the RL agent
can actively control resources as well as renew task scheduling policies dynamically. The cloud orchestration layer also adds value in
the form of an efficient allocation of workloads within ambivalent environments, minimizing real-time periods of idleness and network
crises. The reduced latency does not only expedite the completion of the workflow but makes the automation pipelines more
responsive in cases of irregular workload.

4.1.3. Resource Utilization

The structure showed a 41 percent enhanced utilization of resources which means they were used more efficiently in the form
of less consumption of computational, memory and network resources. The RL agent uses feedback in terms of performance to
optimize the policies in resource allocation and resource allocation policies are so optimized by the RL agent that each task gets the
optimal level of resources to run efficiently without overabsorption. This results in saving of costs, enhanced scalability, and
enhancement of energy efficiency within the cloud environments. On the whole, the major advance of the resource use reveals the
potential that the system has to strike the balance between performance and sustainability and efficiency in a way of its operations.

4.2. Discussion

Integrating intent interpretation based on the Large Language Model (LLM) and optimization based on Reinforcement Learning
(RL) has considerably increased the flexibility and adaptability of the workflow automation systems. The LLM component is an
intelligent mediator between machine-executable processes and human users. Through interpretation of natural-language guidance, it
can be used to configure microservice pipelines with ease requiring no hand-configuration or scripting. This enables anyone,
regardless of being a technical user, to build and implement complicated workflows by merely explaining what he or she wants to
accomplish, and this democratizes access to cloud automation. The semantic comprehension of the LLM will make sure every user
intention is converted into a coherent piece of workflow, that has the potential to combine a variety of APIs and services on distributed
settings. Conversely, the RL optimization mechanism gives the system the capacity to be able to learn and dynamically adjust to
changing workloads. The RL agent modifies its policies to reach performance excellence optimally over time through continuous
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feedback of their performance metrics which include latency, resource utilization, and fault recovery. It automatically does adaptive
scaling, i.e. reallocating computational resources to real-time demand, as well as providing fault-tolerant decision-making when there
are unforeseen failures or service interruptions.

The adaptability stems out of learning is likely to allow the system to maintain efficiency and reliability despite the volatile
nature of the cloud environment where the fixed configurations may fail. This produces an optimizing system with high awareness of
semantics i.e. the synergy between the LLM and RL layers. Although the LLM offers contextual reasoning and workflow synthesis, the
RL component equips the operational performance with non-stop enhancement in the form of experience. They combine to form a
narrowing in the gap between cognitive understanding and algorithmic optimization. Such combination boosts the efficiency in
execution and also contributes to the scalability, resilience and interpretability in cloud automation. Finally, the hybrid LLC-RL system
is a move toward autonomous, intelligent workflow management systems which are able to develop with changing needs of the users,
as well as changing environments.

4.3. Scalability Evaluation

Scalability test of the proposed system indicated that it could retain a high performance level up to a high workload, and with
ease, the suggested system could manage up to 10,000 simultaneous workflow calls without a significant drop in speed or accuracy.
This result reflects the strength of the system architecture where the LLM, RL agent, and cloud orchestration layers are joined to work
together on distributed settings. The LLM layer does a very efficient job to de-serialise user intentions as workflow graphs, which
significantly contributes to the fact that the processing of natural-language input is not a bottleneck even at large scale. Meanwhile, RL
agent layer manages the policies of task scheduling and resource allocation to balance the load distribution among accessible resources
in the cloud. The policy control of adaptation would avoid overloading an individual node and keep the response time of all workflow
instances steady. Cloud orchestration layer is very important in maintaining scalability using containerized deployment using services
like Kubernetes. It will horizontally scale and launch new container instances when the workload intensity waxes up and terminates
them when idle.

This elasticity makes sure that computer resources are fully used so that the amount of throughput is maintained at a constant
rate despite peak demand. The geographic location base of the system on the AWS, Azure, and GCP adds an extra advantage to the
fault tolerance as well as the availability of the system, allowing the possibility of load balancing in geographically spread regions. The
experimental evidence demonstrates that latency grows very insignificantly with concurrency, which means that there is a good
synchronization between the components of the system and very low communication overhead is assumed. The feature of constant
optimization of the RL agent stabilizes resource usage, as it allows producing a very cost-effective system, but at the same time the
performance of the system is quite high. Altogether, the scalability assessment proves that the suggested LLM-based automation
system is both capable of handling the large-scale workflow executions and can be adjusted to work with the changing loads, which
makes it an appropriate choice in terms of the large-scale cloud management and project-specific real-time service scheduling.

4.4. Cost Analysis

The cost control of the proposed Intelligent Workflow Automation Framework (IWAF) shows a tremendous advancement in
efficiency of operations by attaining a loss of 18 percent of the total costs of cloud operations in comparison to the traditional
autoscaling mechanisms. The main benefit of this cost is that the intelligent scheduling, as well as the adaptive allocation of the
resources of this system, is provided by the joint work of the LLM and RL layers. Conventional autoscaling designs are based on
policies based on reactivity threshold, which usually causes over-provisioning of resources when the load is high or excess capacity of
the autoscaling system when demand rises unexpectedly, which causes inefficiencies and wastage of costs. Conversely, Reinforcement
Learning (RL) Agent developed by IWAF will be able to develop the optimal scaling policies by examining the workload time series and
system feedbacks in real-time so that the resources involved in computations can be allocated with greater accuracy to the current
level of operational need. Also, indirectly, the LLM component maximizes the cost efficiency based on the optimisation of the design of
the workflow.

It eliminates any duplication of particle operations and wastage of resources by a proper translation of user intent into resource
conscious task graph that minimizes the execution period and costs incurred to use cloud services. The cost reduction is also assisted
by the cloud orchestration layer by using containerized microservices and hybrid deployment policies in AWS, Azure, and GCP. This
architecture allows the transparent ability to put workloads on more economical infrastructure in the light of changing prices and
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availability among the providers. In addition, active fault tolerance and effective recovery of the framework reduce downtime and
resultant money loss that normally take place whenever there is system failure or when the system is set up inaccurately. The
experimental findings of the experiment prove that the system reaches a increased throughput at a lower energy and resource use
level which is directly converted to cost savings. Simply put, smart decision-making activities of the IWAF will contribute to the
reduction of operational costs, scalability, and efficiency of the energy usage in the long run beyond doubts, which will prove
economical and sustainable Al-guided workflow automation in high-scale clouds.

5. Conclusion

This article presented an Intelligent Workflow Automation Framework (IWAF) that merges Large Language Models (LLMs) and
Reinforcement Learning (RL) to provide increased automation efficiency, scalability, and flexibility in cloud systems. The suggested
architecture takes advantage of the semantic reasoning potential of LLMs to process the intent of users stated in natural language and
turn it into workflow graphs that can be executed. It allows its efficient interaction between human and machine thereby giving users
an opportunity to design and operate complex automation tasks without any technical skills. Besides the intent translation, the LLM
part guarantees semantics and the contextual sensitivity that closes the gap between the human goals and the machine
implementation.

In addition to the LLM, the RL layer provides dynamically adaptable learning by means of continuous learning and optimization.
The RL agent measures the performance of workflow according to feedback statistics, including latency, resource use, resource
recovery time and modulates the scheduling and resource allocation rules to enhance the performance of the system automatically.
This self-optimizing structure gives the system the capacity to contemplate the changing workload and unpredictable cloud
surroundings, which provide solid and effective operations. Fault tolerance and decision-making transparency increases with the
added integration of RL also allow automation results to be interpreted and traced, which are not remarkable features of conventional
automation structures.

Existing tests showed that the efficiency of the tasks (36%), the reduced latency (26%), and the usage of the resources (41%)
were expected to improve significantly, and the costs of cloud operations went down by 18%. Also, the system consistently performed
with 10 000 parallel requests of the workflow, which highlights its scalability and success in large-scale and real-life implementation.
These results confirm that semantic reasoning based on the use of LLM and the optimization of policies based on RL is an effective
basis to implement intelligent, adaptive, and interpretable workflow automation in the distributed clouds.

In the future, it can be concluded that future studies will touch on some of the most important extensions that can be made to
enhance the abilities of the framework even further. One of the directions is the evolution of multi-agent RL coordination, by having
multiple agents in distributed environments that must coordinate each other to address workflows that are interdependent and do so
more effectively. Security-aware automation is another point of interest and entails the use of intelligent anomaly detection and policy
enforcement to provide data protection and compliance when there is a workflow to perform. Finally, the extension of the framework
to the edge-cloud deployment will introduce the possibility of low-latency, resource-efficient edge-computing to automate the work of
the network edge and facilitate real-time processing and IoT workloads. All these developments will bring IWAF a step closer to an
entirely autonomous, context-aware, and secure environment of automation that can be used in next-generation intelligent cloud
infrastructures.
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